Purpose Instrumental variable (IV) analysis can control for unmeasured confounding, yet it has not been widely used in pharmacoepidemiology. We aimed to assess the performance of IV analysis using different IVs in multiple databases in a study of antidepressant use and hip fracture. Methods Information on adults with at least one prescription of a selective serotonin reuptake inhibitor (SSRI) or tricyclic antidepressant (TCA) during 2001-2009 was extracted from the THIN (UK), BIFAP (Spain), and Mondriaan (Netherlands) databases. IVs were created using the proportion of SSRI prescriptions per practice or using the one, five, or ten previous prescriptions by a physician. Data were analysed using conventional Cox regression and two-stage IV models. Results In the conventional analysis, SSRI (vs. TCA) was associated with an increased risk of hip fracture, which was consistently found across databases: the adjusted hazard ratio (HR) was approximately 1.35 for time-fixed and 1.50 to 2.49 for time-varying SSRI use, while the IV analysis based on the IVs that appeared to satisfy the IV assumptions showed conflicting results, e.g. the adjusted HRs ranged from 0.55 to 2.75 for time-fixed exposure. IVs for time-varying exposure violated at least one IV assumption and were therefore invalid.
INTRODUCTION
Electronic healthcare databases are being used to detect unintended and intended effects of drugs in comparative safety and effectiveness research. However, such databases sometimes have very limited or inaccurate information on potential confounding variables, such as alcohol consumption and functional health status (e.g. activities of daily living), 1, 2 which may impair the validity of study results. For example, several observational studies [3] [4] [5] [6] [7] [8] indicated an association between antidepressants use (mainly tricyclic antidepressants and selective serotonin re-uptake inhibitors) and the risk of hip fracture. However, results from these studies are heterogeneous for many reasons. 3, 5, 6, 8 Among them, confounding by unmeasured patient characteristics such as frailty, severity of depression, and lifestyle factors (e.g. smoking and alcohol consumption) have usually not been accounted for in most of the studies. 3 Instrumental variable (IV) analysis has been proposed to control for unmeasured confounding in pharmacoepidemiologic studies. 2, [9] [10] [11] [12] [13] [14] [15] An IV is a variable that can be considered to mimic the treatment allocation process in a randomized trial. 2 That means an IV (i) is associated with the exposure, (ii) affects the outcome only through the exposure, and (iii) is independent of confounders. [16] [17] [18] If these key assumptions and some additional assumptions (e.g. monotonicity) are satisfied, IV analysis may consistently estimate the average causal effect of an exposure on an outcome. 18, 19 Several studies have applied IV analysis using electronic healthcare databases on various pharmacoepidemiological issues. 10, 11, [13] [14] [15] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] As far as we know, there is no study that assessed the performance of IV analysis across multiple databases in different countries using both time-fixed and time-varying exposures. We therefore aimed to assess the performance of IV analysis using different IVs in general practice (GP) databases from three European countries (Spain, UK, and The Netherlands) in a study of antidepressants use and risk of hip/femur fracture.
METHODS

Data sources and study population
This study was conducted using data from the health improvement network, UK (THIN); the Spanish Base de datos para la Investigación Farmacoepidemiológicaen Atención Primaria (BIFAP); and the Dutch Mondriaan GP database. [30] [31] [32] Detailed information on these databases and data specification can be found in a common study protocol, which is available online. 33 We used information on 587 637 patients from THIN, 252 203 patients from BIFAP, and 22 954 patients from Mondriaan who were all aged ≥18 years and had at least one prescription of selective serotonin re-uptake inhibitors (SSRI) or tricyclic antidepressants (TCA) during the study period (1 January 2001 to 31 December 2009). Moreover, at least one year of enrolment in the database without any antidepressants prescription in the six months and 1 year without a hip fracture preceding the enrolment in the cohort were required to enter the study. The index date (date of cohort entry) was defined for each patient as the date of first SSRI or TCA prescription within the study period. The observation period for each patient lasted from the index date to the end of data collection (31 December 2009), the date of the first fracture, the date of death, or loss to follow-up, whichever occurs first. We excluded patients (17 498 in THIN, 1338 in BIFAP, and 480 in Mondriaan) from the study population in case of combined use of SSRI and TCA or subsequent use within the same treatment episode. Furthermore all subjects from practices that contributed less than 50 patients were excluded, because a considerable number of prescriptions is needed to accurately measure the IV. 20 The final number of practices was 502 for THIN, 280 for BIFAP, and 133 for Mondriaan.
Exposures and outcome
We considered two types of exposure: (i) exposure that was determined at the index date and considered constant over time; and (ii) exposure that was timevarying. Throughout the manuscript we will use the abbreviations "SSRI fixed " and "SSRI time " for the exposure that was considered constant during followup and time-varying exposure, respectively. The exposure SSRI fixed was defined based on the first SSRI (vs. TCA) prescription, and consequently the followup time was the time between the first prescription and the end of follow-up. During follow-up, we ignored any changes in medication status (e.g. switch from TCA to SSRI or stopping SSRI use).
For the exposure SSRI time , antidepressant use was recategorized into two groups: current SSRI users and non-SSRI users. Non-SSRI users could be current, recent, or past TCA users or recent/past SSRI users. Follow-up time for time-varying exposure, SSRI time , was divided into periods of "current use" to SSRI (from the beginning of the prescription up to the calculated end date of the last prescription supply in a continuous treatment episode, i.e. <30 days between the end of a prescription supply and the beginning of the next one) and non-current SSRI use (all other time periods). The drug codes are provided in the study protocol. 33 A first fracture of the hip/femur (HF) during the study period was the outcome of interest, regardless of whether a subject had a fracture before the index date. In BIFAP, hip fractures that, based on review of automated clinical records, were considered to be the result of a major trauma (e.g. car accident) were excluded. A detailed description of the outcome is provided in the study protocol. 33 
Potential confounding factors
The potential confounding factors (i.e. co-medications, co-morbidities, and lifestyle factors) are listed in Table 1 . Because lifestyle factors such as smoking, BMI, and alcohol consumption were not available in all databases, we did not add them in the conventional analyses and considered them as unmeasured, to allow for a proper comparison between databases. For the exposure SSRI fixed , confounders were assessed at the index date (i.e. comorbidities were identified as "ever before" the index date and all other confounders were identified during the 182 days prior to index date) and for the exposure SSRI time confounders were considered time-varying and assessed at baseline and updated whenever a patient's exposure status changed (current, recent, and past) or every six months (if exposure status did not change). For co-morbidities, patients were classified as having the disease from the first date of diagnosis onwards. More details on confounding factors are available online. 33 
Construction of instrumental variables
We considered several IVs based on the physician's prescribing preferences (PPP) of SSRI or TCA ( Figure 1) . 2, 20 For SSRI fixed , the PPPs were based on either the single last prescription (PPP 1 ), the last five consecutive prescriptions (PPP 5 ), or the last ten consecutive prescriptions (PPP 10 ). Furthermore, we used the proportion of SSRI prescriptions (PSP) per practice to create an alternative preference based IV. We dichotomized the PSP at its median to create a binary IV (PSP dich ). Finally, we also considered other IVs based on the last 20 or 50 prescriptions issued by physicians within a practice.
For the exposure SSRI time , the IVs were measured using the proportions of time of "current" SSRI use (PTS) in a practice. Specifically, the PTS is the ratio of the follow-up time contributed by patients who are current SSRI users compared to the total follow-up time contributed by patients in the same practice. We also dichotomized the PTS (at the median) to create a binary IV (PTS dich ).
Assessment of instrumental variable assumptions
IV assumption 1: We used point bi-serial correlation (r) for binary exposure and continuous IV and odds ratio (OR) for both binary exposure and IV to check the association between IV and exposure.
11,18
Although the partial F-statistic value from the firststage IV model is often used to assess this assumption, we did not use it because it is highly influenced by sample size.
IV assumptions 2 and 3: We assumed that a physician's preference did not influence the risk of HF of a patient (assumption 2) nor that it was correlated with confounders (assumption 3). 20 In addition, a falsification test was applied to assess assumption 3 using the standardized difference (SDif) to assess balance of measured confounders between IV categories (when an IV was continuous, balance was assessed across the quintiles). 34 We also measured the balance on several confounders simultaneously using the multivariate Mahalanobis distance (MD). 23, 35 Smaller values of SDif (e.g. <0.10) 36 and MD indicate better balance. 34, 35 If measured confounders are imbalanced between IV categories, this may also imply imbalance of unmeasured confounders (in which case assumption 3 is violated) and thus IV analysis is inappropriate. 34 Nevertheless, if measured confounders are balanced, we assumed that such balance could be carried-over to unmeasured confounders.
2,27
Statistical analyses
We analysed the three datasets (THIN, BIFAP, and Mondriaan) separately. We also studied the exposure SSRI fixed using the pooled data. A conventional Cox proportional hazards model and two-stage IV models were used to analyse the data. The first-stage model of the IV analysis was a linear regression model, 37, 38 where the exposure (SSRI fixed or SSRI time ) was the dependent variable and the IV was the independent variable. The second-stage model was a Cox proportional hazard model, in which predicted treatment rather than actual treatment was the independent variable. 18 We estimated the unadjusted and adjusted hazard ratios with and without including confounders (confounders measured at the index date for the SSRI fixed and the time-varying confounders for SSRI time ) in both conventional and IV analyses. Bootstrapping (1000 bootstrap samples) was applied to estimate the confidence intervals (CI) of IV estimates. All analyses were performed using the statistical software R version 2.15.2. 39 The effects of SSRI/TCA on the risk of HF may not be homogeneous in our study population. Hence, the point estimate of the average causal effect of exposure for the whole study population could not be identified, yet other effects (e.g. complier average causal effects [CACE] or local average treatment effect [LATE]) could be identified. 16, 18 In our example, the compliers are subjects who would be prescribed an SSRI had they seen a physician who preferred SSRI, but would be prescribed a TCA had they seen a physician who preferred TCA. 13, 19 For continuous IVs, the CACE is a weighted average of the effect in multiple subgroups where the more compliant subjects obtain a larger weight. 16, 19, 40, 41 To identify the CACE, a fourth assumption, i.e. monotonicity (the IV affects the exposure deterministically in one direction meaning there are no defiers), was considered. 16, 19, 40, 41 Roughly speaking, this assumption implies that there are no subjects who would be prescribed an SSRI by a TCA preferring physician, while they would be prescribed a TCA by a SSRI preferring physician. Table 1 shows the patients characteristics, stratified by exposure status (SSRI vs. TCA) and database (n = 570 139 for THIN, n = 252 203 for BIFAP, and n = 22 474 for Mondriaan). In total, 3631 persons in THIN and 1528 persons in BIFAP and 81 persons in Mondriaan experienced a HF during the study period. As expected, measured confounders were more balanced between IV categories than between exposure groups (Table A2a-A2b, Appendix).
RESULTS
Several methods were applied to evaluate the validity of IVs particularly the association between exposure and IV (assumption 1) and independence between IV and confounders (assumption 3). The summary results are presented in Table 2 . In THIN, the IVs, PSP and PPP 10 , were strongly associated with SSRI fixed (r ≥ 0.15, Table A1 in the Appendix), and confounders were balanced across the quintiles of these IVs (SDif < 0.10, Table A2a , Appendix). Similar performance was observed for the IV PSP in BIFAP and the IVs PPP 5 and PPP 10 in Mondriaan. In many situations in which an IV was weakly associated with the exposure, the confounders were balanced with that IV or vice versa. For instance, the IV PPP 1 was weakly associated with SSRI fixed (OR < 2 in all databases, Table A1 , Appendix), but the measured confounders were balanced across the categories of the IV PPP 1 (SDif < 0.10 in all databases, Tables A2a-b, Appendix). Alternatively, PSP and PSP dich were strongly associated with SSRI fixed (r = 0.26 and OR = 2.44, respectively, Table A1 , Appendix) in Mondriaan, but confounders were imbalanced (e.g. difference in mean age, Table A2a , Appendix). For the pooled data, only the IVs PPP 5 and PPP 10 were strongly associated with the SSRI fixed (r = 0.18 and 0.21, respectively) and confounders were balanced across the categories of these IVs (SDIF < 0.10). For time-varying exposure, both IVs (PTS and PTS dich ) were weakly associated with SSRI time in all databases (Table A1, Appendix). In Mondriaan and BIFAP (PTS dich ) confounders were also imbalanced across levels of these IVs (Table A2b , Appendix). Table 3 shows the hazard ratios (HR) of the association between SSRI use and the risk of HF. In this setting, we used the first prescription (SSRI fixed ) of eligible patients. In all databases, conventional analysis showed that SSRI use was associated with an increased risk of HF compared to TCA use (though not statistically significant in Mondriaan); the adjusted HR was about 1.35 (Table 3) . The results from IV analysis based on the apparently valid IVs (i.e. those IVs that appeared to satisfy the IV assumptions) showed that SSRI use was not associated with an increased risk of HF in any of the databases; the adjusted HRs ranged from 0.55 to 2.75 ( Table 3 ). In that case, the length of confidence intervals of the IV estimates was quite large though the point estimates were far from the null. All IVs, except PSP in BIFAP, were weakly associated with the SSRI fixed , and exposure effect estimates based on the weak IVs had very wide confidence intervals (Table 3) . When the number of previous prescriptions increased for estimating the IV PPP (e.g. previous 20 or 50 prescriptions), the IV estimates were approximately similar to those observed for the IV PPP 10 (data not shown). Table 4 shows the HRs for the time-varying exposure (SSRI time , current SSRI users vs. non-SSRI users). The conventional analysis showed that the current However, because of violation of one or more of the key IV assumptions (Table 2) , these results could not be interpreted.
DISCUSSION
Conventional analysis showed an increased risk of HF for SSRI users versus TCA users, whereas IV analyses based on the apparently valid IVs (i.e. those IVs that appeared to satisfy the IV assumptions) showed that SSRI use was not associated with an increased risk of HF compared to TCA use, although the point estimates were quite far from the null. In that case, we observed that the width of confidence intervals of the IV estimates was quite large. However, IV analysis based on the pooled data showed opposite results that are consistent with the conventional analyses. The exposure effects from IV analysis are less precise than those of conventional analysis. None of the IVs we considered appeared to be valid for timevarying exposure (SSRI time ), and thus the exposure effects are invalid. There is a trade-off between the strength of the IV and the balance of confounders across levels of the IV, which has been described by others. 42 We note that results from the conventional analysis seem consistent for time fixed and timevarying exposures and across the databases, which is not true for IV analysis mainly because of violations of the key IV assumptions. It should be noted that the exposure effects from conventional analysis and IV analysis are not directly comparable as the conventional analysis provides the ACE and the IV analysis provides the CACE. 43, 44 With respect to our assessment criteria, we did not identify any IV that is consistently valid across the databases. However, we found that at least one of the IVs for SSRI fixed appears valid in each database. For example, the IV PSP in THIN and BIFAP and the IV PPP 10 in THIN and Mondriaan appear valid because they are strongly associated with the exposure SSRI fixed , and measured confounders are balanced across levels of these IVs. On the other hand, neither of the IVs across the databases we considered appears valid for the exposure SSRI time . The main limitation is the weak association between the IVs and the exposure SSRI time . We noticed that the strength of the IVs and effect measure estimates vary between the databases. Particularly, we observed that most of the IVs in the THIN and BIFAP databases were weaker than those in the Mondriaan database. This may be because of little variation in prescribing patterns between practices or prescribing guidelines that limit variation in prescriptions between physicians in THIN and BIFAP. These findings indicate that it is challenging to define a generic IV for pharmacoepidemiologic studies, especially when exposure is time-varying. Therefore, future research could be carried out to define an alternative IV for time-varying settings.
We found that when the IVs explain only a small proportion of the variance of the exposure (i.e. is weakly associated with the exposure), the estimated HRs are unstable with wide confidence intervals. 18 Moreover, these weak IVs may amplify biases because of small violations of the assumptions 2 and 3, and thus IV analysis produces more biassed results compared to conventional analysis. 11, 16, 19 We used an arbitrary cutoff (i.e. r < 0.15 and OR < 2) to identify a weak In the analysis of the pooled data, the variation in preferences between practices increased (compared to the analysis per database), resulting in a stronger IV, and hence IV estimates were more precise. Moreover, as IV analysis produces unstable estimates when the outcome is rare, 18 pooling databases may overcome this limitation too. Therefore, pooling databases in IV analysis seems effective provided that study protocols are consistent across the different databases.
When the measured confounders are balanced across IV categories (i.e. SDif < 0.10), unmeasured confounders could be balanced as well, in which case assumption 3 is fulfilled. 2, 13, 27 In that case, we argue that the assumption 2 (IV affects the outcome only through the exposure) might also be fulfilled as the assumption 2 and 3 are statistically similar. 19 Moreover, it is unlikely that the antidepressant prescription to a previous patient influences the risk of HF in a subsequent patient. 20 Additionally, our assumption was that physicians/practices act completely the same (equal standard of care) except for the preference to prescribe either SSRI or TCA. However, if concomitant treatments influence the risk of HF, this assumption may be violated. 2, 29, 41 We assumed monotonicity (i.e. the IV affects the exposure deterministically in one direction meaning there are no defiers) to identify the CACE. Under this assumption, the CACE is the exposure effect for the subgroup of patients who actually adhere to the doctor's prescription. 13, 40 However, it is difficult to identify those who are actual compliers. In addition, if there are defiers, the monotonicity assumption is violated, and effects estimates are biassed unless the effects are similar for both compliers and defiers. 41 Furthermore, the monotonicity may not be plausible for the preference based IVs because such IVs are surrogates for a likely continuous preference variable where complier status is not deterministic. 41 Our study has several strengths. We studied a single drug-event pair (antidepressant drugs-HF) across multiple databases in different countries using a common study protocol to assess the performance of IV analysis with several plausible IVs. 45 Moreover, to our knowledge, this is the first study in which IVs are used to study time-fixed as well as time-varying exposure effects across multiple databases. Additionally, as we followed a common study protocol, our definitions, data extraction, and analysis were consistent across databases.
There are some limitations in our study. Although we applied a robust balance measure (standardized difference) 36, 46 to falsify assumption 3, this could fail to identify an invalid IV even when the assumption is violated. 19 For example, we identified the IVs PSP in BIFAP and PPP 10 in Mondriaan that appear valid for the exposure SSRI fixed ; however, the unadjusted and adjusted IV estimates are very different, which may indicate a possible association between the IV and unmeasured confounders. 47 Moreover, we provided some theoretical explanations in favour of assumption 2 as it is not possible to verify from the data; 16 however, this assumption may fail even when the assumptions 1 and 3 are fulfilled. Additionally, we have only information on GP prescriptions, but we do not know whether patients actually collected their medicines from the pharmacy and took them as prescribed. In addition, in order to create the preference based IV PPP we excluded the patients with combined use of SSRI and TCA. However, this exclusion may induce some selection bias in our study.
We present several recommendations based on our findings: (i) As there is a trade-off between the strength of the IV and the balance of the confounders across levels of the IV, to identify an optimal IV (i.e. strongly associated with exposure under study and independent of the confounders), it would be worthwhile to consider several plausible IVs and assess their validity; (ii) If an IV violates one of the assumptions, the IV should be treated as invalid and one should not proceed with IV analysis. On the other hand, if an IV satisfies all testable assumptions, still the IV assumptions should be justified and any inconsistency reported, which helps to understand the validity of the IV analysis. (iii) We suggest researchers to follow the checklists provided by Davies and by Swanson for reporting the results of IV analyses. 13, 19 In conclusion, we assessed the performance of IV analysis using several potential IVs in three GP databases using a common study protocol. The performance of IV analysis varied between time-fixed and time-varying exposures, across the databases, and strongly depends on the definition of IVs. Our multiple databases study shows that it is challenging to obtain a valid IV in pharmacoepidemiologic studies, especially for time-varying exposure, and thus the exposure effects from IV analysis should be interpreted cautiously.
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KEY POINTS
• This multiple database study shows that the performance of instrumental variables analysis varied across the databases for time-fixed and time-varying exposures and strongly depends on the definition of instrumental variables.
• Compared to the analysis of separate databases, in the analysis of pooled data there was more variation in the instrumental variable, resulting in a stronger instrumental variable and hence more precise and more stable estimates from instrumental variable analysis.
• It remains challenging to obtain valid instrumental variables in pharmacoepidemiological studies, particularly for time-varying exposure, and results of instrumental variable analysis should therefore be interpreted cautiously.
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